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Stochasticity pervades life at the cellular level. Cells receive
stochastic signals, perform detection and transduction with
stochastic biochemistry, and grow and die in stochastic
environments. Here we review progress in going from the
molecular details to the information-processing strategies
cells use in their decision-making. Such strategies are
fundamentally inﬂuenced by stochasticity. We argue that
the cellular decision-making can only be probabilistic and
occurs at three levels. First, cells must infer from noisy
signals the probable current and anticipated future state of
their environment. Second, they must weigh the costs and
beneﬁtsofeachpotentialresponse, giventhatfuture.Third,
cells must decide in the presence of other, potentially
competitive, decision-makers. In this context, we discuss
cooperative responses where some individuals can appear
to sacriﬁce for the common good. We believe that decision-
making strategies will be conserved, with comparatively
few strategies being implemented by different biochemical
mechanisms in many organisms. Determining the strategy
of a decision-making network provides a potentially
powerful coarse-graining that links systems and evolu-
tionary biology to understand biological design.
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Introduction
Life at the cellular level is stochastic. Diffusion, gene
expression, signal transduction, the cell cycle, and the
extracellular environment are all stochastic processes that
change in time in ways that can be difﬁcult to predict (Raj and
van Oudenaarden, 2008; Shahrezaei and Swain, 2008). While
a cell’s environment determines its response, information on
the environment comes from different, ﬂuctuating, and
perhaps contradictory, signals. This information is processed
using biochemical networks whose components themselves
ﬂuctuate in concentration and intracellular location. By
coming together into a multicellular organism, cells can
reduce stochastic effects in their immediate environment,
buteveninhumanssignalsandthecellularresponsetosignals
can be substantially stochastic (Geva-Zatorsky et al, 2006;
Sigal et al, 2006; Feinerman et al, 2008).
In our opinion, such conditions imply that the cell’s internal
model of its environment can only be probabilistic. We
propose that a biochemical network performing decision-
making has three main tasks: it should infer from noisy,
incoming stimuli the probable state or states of the extra-
cellular environment and, potentially, the probable future
states; given the most probable states, it must decide an
appropriate response through weighing the advantages and
disadvantages of each potential response; and it must
implement these functions using a strategy that is evolutiona-
rily stable and so allow a population of cells to outcompete
theirrivalsandsurviveenvironmentalcatastrophes(Figure1).
Such a division has been made in other ﬁelds, from economics
to artiﬁcial intelligence and neuroscience. Statistical inference
is the discipline concerned with inferring a quantity we cannot
observe directly (the quantity is hidden) from a quantity we
can observe, but which is only correlated with the quantity
of interest. Decision theory provides a means to ﬁnd the
optimum response given uncertain information by weighing
appropriatelythecostsandbeneﬁtsofeachpotentialresponse.
Finally, evolutionary theory considers scenarios where
decisions are not made in isolation but with other competing
decision-makers.
Here we survey recent work showing that techniques
from these ﬁelds can explain not just qualitatively but
quantitatively the behaviour of cellular networks, suggesting
that cells may have evolved to biochemically implement such
methods.Wewilltrytoplaceintooneframeworkthestrategies
adopted by cells to detect, process, and respond to extra-
cellular changes. By strategy we mean how a particular
signalling network detects and analyses information not in
terms of the details of biochemistry, but in terms of the
functions of information processing that biochemistry
performs. We believe that it is at this level of information
processing that we shall discover evolutionarily conserved
principles, whether we consider a stem cell deciding between
differentfates ora bacterium deciding between expressing and
not expressing a particular operon. We will begin by
investigating the strategies adopted to beneﬁt individual cells
before discussing strategies that are best understood at the
level of populations of cells.
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Cells are confronted with a fundamental problem: their
biochemical decision-making machinery is intracellular, but
their behaviour should be determined by the extracellular
environment. The environment may contain, for example,
energy resources or a mating partner or predator. Signals
detected on the cell surface and transduced intracellularly,
however, are stochastic and can never present a complete
picture of the environment. What strategy should cells adopt
to interpret and make use of such noisy extracellular signals?
One possibility is statistical inference: the cell may use
extracellular signals to explicitly estimate, or infer, the state of
the extracellular environment. To a human reasoner, estimat-
ing states is natural. When a doctor diagnoses a patient, she
will have several possible physiological states of the patient in
mind and will use observations and tests to determine which
state is most likely. Similarly, a cell might be interested in the
state of its environment, even though it cannot observe the
statedirectly,becauseknowingtheprobablestatecanbemuch
more beneﬁcial than knowing several environmental para-
meters. For example, a rise in temperature might mean that a
bacteriumhasbecomeexposedtothesunorthatithasentered
a host organism—two different environmental states that
requireverydifferent responses.From measuring extracellular
signals, such as the local concentration of metabolites or
hormones, cells ought to estimate the most likely state of their
environment before deciding an appropriate response.
Cells that do estimate the state of their environment must
infer the state or the likely future state from signals that
are only correlated with the state. The optimum way to
perform such inference is Bayesian inference, at least it can be
proved to be so if we accept a set of axioms that any form of
inference ought to obey (Cox, 1946). We conjecture, then,
that cells compute the likelihood of different possible
environmental states, E, based on signals they sense, S,
according to Bayes’s rule:
PðEjSÞ¼
PðSjEÞPðEÞ
PðSÞ
ð1Þ
This computation assumes that several forms of ‘prior knowl-
edge’ are available to the cell. First, it assumes knowledge of
the possible environments, E, and their relative likelihoods, or
prior probabilities, P(E). This prior knowledge may be
uninformative—for example, that a mating partner is equally
likely to be in any direction before pheromone is detected—or
more restrictive—for example, that concentrations of an
extracellular sugar should be in one of two states, either high
orlow,withalowstatetwiceaslikelyasahighstate.Second,it
requires the probabilities of observing different signals in
different environments, P(S|E). The third term, P(S), describes
theoveralllikelihoodofsensingasignalSforallpossiblestates
of the environment. The result of the computation is the
posterior probability, P(E|S)—an inference about the like-
lihood of different environmental states given the prior
knowledge and the signals that have been sensed. In Box 1,
we give an example of using Bayes’s rule. The posterior
probability, P(E|S), is a function of the magnitude of the signal
sensed, S, and we next discuss the common shapes that this
function takes.
Cells may infer the state of their environment
Many signal transduction and genetic networks with very
different biochemistry have dose–response functions that
are sigmoidal. A sigmoidal function is often considered
advantageous because it prevents ﬂuctuations in the input
signal affecting the response if the input is below a threshold
value, at which the response increases sharply. Near the
threshold value, however, a sigmoidal response can amplify
ﬂuctuations because a small change in input generates a large
change in output. If the signal S is continuous and the
environment can only be in two states, then equation (1)
describes the posterior probability that the environment is in
one of these states. Viewed as a function of S, such a posterior
probability is often smooth and sigmoidal raising the
possibility that biochemical networks generate sigmoidal
responses because they are solving inference problems
(Libby et al, 2007). In the simplest case, the output of a
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Figure1 Factorsinﬂuencingcellulardecision-making.Acellsensessignalsgeneratedbyachange intheenvironment andmustdecideanappropriate response.This
decision-making can depend on the cell’s predictions for the current and future state of the environment based on the signals it has sensed, the short-term history of the
cell,theexpectedbeneﬁtsandthecostsofeachpotentialresponse,theactionsofothercells,whichmaybecompetitiveorcooperative,andthetimetakentobothdecide
and generate the response. The response may be a change in internal state or an action that changes the environment itself.
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ior probability of the extracellular environment being in a
particular state. This inference about the probable state of the
environment can then be processed by downstream networks
to decide an appropriate response.
For example, Libby et al (2007) asked whether it is possible
to design a genetic network that can infer the state of the
environment from noisy concentrations of an intracellular
signal—in essence, implementing a Bayesian computation
using genetic-regulatory machinery. Theyconsidered a bacter-
ium in an environment with just two states: one rich in a
metabolite, say a sugar, and one poor in sugar. These states
could correspond to the gut of a host organism and the soil. To
regulate the genes for metabolism of sugars, many bacteria
employ transcription factors directly as sensors: sugar enters
the cell, interacts with a transcription factor, and consequently
inﬂuences gene expression. Libby et al, therefore, treat
intracellular sugar as the environmental signal. Each state of
the environment implies a different amount of intracellular
sugar, although this amount is stochastic because of ﬂuctua-
tions in the transport of sugar, its consumption in the cell,
and other factors (Figure 2). We write P(S|high) for the
distribution of intracellular sugar, S, when the environment
has a high concentration of extracellular sugar and P(S|low)
for the distribution of intracellular sugar when the environ-
ment has a low concentration of extracellular sugar. Bayes’s
rule then states that the posterior probability of the state high
in sugar depends on the concentration of intracellular sugar
through
PðhighjSÞ¼
PðSjhighÞPðhighÞ
PðSÞ
¼
PðSjhighÞPðhighÞ
PðSjhighÞPðhighÞþPðSjlowÞPðlowÞ
ð2Þ
where we have expanded P(S) over the two states of the
environment. Analysing models of single-component gene
regulation, Libby et al showed that even networks consisting
of just one gene controlled by an allosteric transcription factor
can transcribe at a rate that tightly matches the posterior
probability of the state high in sugar for many distributions of
intracellular sugar.
This interpretation of a biochemical network as a network
thatperformsinferenceisconsistentwithmeasurementsofthe
regulatory response in vivo. We can use an experimentally
measured response to determine the underlying distributions
for the input stimulus—the equivalent of P(S|high) and
P(S|low)inequation(2)—thatwouldgiverisetothemeasured
response if this response is proportional to the posterior
probability of an environmental state high in the input
stimulus (Figure 2B–D). These distributions are part of the
organism’s internal model of its environment. They describe
what the organism expects in different environmental
Box 1 Inferring changes in the environment—Bayes’s rule
Bayes’s rule is a probability theorem, which allows a quantitative description of inference. It enables the computation of the probability that an unobserved
randomvariable,sayX,takesdifferentvaluesbasedontheobservedvalueofarelatedrandomvariable,sayY.ThepriorprobabilityofX,P(X),isupdatedvia
Bayes’s rule to the posterior probability of X given that we have observed Y, P(X|Y). Bayes’s rule can be derived from the deﬁnition of conditional probability:
P(X and Y)¼P(X|Y)P(Y)¼P(Y|X)P(X). Consequently, we have
PðXjYÞ¼
PðYjXÞ
PðYÞ
PðXÞ
which is Bayes’s rule relating the prior and posterior probabilities of X.
As an example, suppose youare leaving the cinema afterseeinga movie,andyou wonder whether ornot it israining outside.Let X¼Rain denotethatit is
raining and X¼NoRain denote that is not. Knowing nothing more, you believe it is equally likely to be raining as not: the prior probabilities of X are
P(X¼Rain)¼P(X¼NoRain)¼0.5. While you cannot yet see for certain whether or not it is raining, suppose that you can see whether or not people that
enter the cinema are holding umbrellas. We denote this observation to be Y, and we write Y¼Umbrellas if some people have umbrellas and
Y¼NoUmbrellas otherwise. We expect a relationship between whether or not people are carrying umbrellas and whether or not it is raining. We can,
therefore, infer the probability it is raining from observing whether or not the people that enter do have umbrellas. For example, you might believe that
if it is raining, then some people will surely enter with umbrellas: P(Y¼Umbrellas|X¼Rain)¼1 and P(Y¼NoUmbrellas|X¼Rain)¼0. If it is not raining,
however, then perhaps some people will still have umbrellas, but the probability is lower: P(Y¼Umbrellas|X¼NoRain)¼0.2 and
P(Y¼NoUmbrellas|X¼NoRain)¼0.8.
Now, suppose you do observe people enter with umbrellas, Bayes’s rule allows you to quantify how your prior belief in rain changes. Speciﬁcally, you can
compute the probability that it is raining given your observation of umbrellas:
PðX ¼ RainjY ¼ UmbrellasÞ¼
PðY ¼ UmbrellasjX ¼ RainÞPðX ¼ RainÞ
PðY ¼ UmbrellasÞ
We already know the two terms in the numerator of the right-hand side of the equation. We do not know, but can compute, P(Y¼Umbrellas):
PðY ¼ UmbrellasÞ¼ PðY ¼ UmbrellasandX ¼ RainÞ
þ PðY ¼ Umbrellasand X ¼ NoRainÞ
¼ PðY ¼ UmbrellasjX ¼ RainÞPðX ¼ RainÞ
þ PðY ¼ UmbrellasjX ¼ NoRainÞPðX ¼ NoRainÞ
¼ 1 0:5 þ 0:2 0:5 ¼ 0:6
using conditional probability. Returning to Bayes’s rule, we thus conclude:
PðX ¼ RainjY ¼ UmbrellasÞ¼
1 0:5
0:6
¼
5
6
  0:83
Your posterior probability of rain has increased compared to the prior probability, as expected given that you saw people enter the cinema with umbrellas.
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strategies.
Improving inference over time
The inference described by Libby et al depends only on the
steady-state concentration of sugar. It, therefore, requires the
network to reach steady state within the lifetime of a
ﬂuctuation in extracellular sugar if the network is not to
average ﬂuctuations in sugar. In situations where the signal
ﬂuctuatessubstantiallyovertime,thecellmightbeexpectedto
continually update its beliefs. Andrews et al (2006) have
proposed that the network generating bacterial chemotaxis
performs such real-time inference. To chemotax along a
gradientof asignal,Escherichia coliestimates atimederivative
of the signal (Berg and Brown, 1972). The signal is detected by
its binding to receptors at the plasma membrane, which is a
stochastic process (Korobkova et al, 2004).Andrews et al
assumethat,beforeestimatingthetimederivative,thecellﬁrst
infers the concentration of the signal at the cell membrane
from the concentration of receptors bound by signal. Using
simulation, they show that the inference implemented by the
chemotactic network strongly resembles a Kalman ﬁlter (Kal-
man, 1960; Kalman and Bucy, 1961), an inference technique in
control theory to track the dynamics of a hidden variable (here
the concentration of the signal) from noisy measurements of a
correlatedvariable(theconcentrationofreceptorsboundbythe
signal). A Kalman ﬁlter falls within the Bayesian framework. It
performs updating through a sequential application of Bayes’s
rule: the current posterior probability of the extracellular state
becomes the prior probability of the extracellular state at the
nexttimestep, and Bayes’s rule isthen applied again to ﬁnd the
updated posterior probability (Barker et al, 1995). Intuitively,
sequentialupdatingallowsacelltobaseitsdecisionsnotjuston
the current signals it is receiving, but also on their recent
history. In chemotaxis, such inference leads to optimum low-
pass ﬁltering of the concentration of the signal, reducing the
effects of stochastic biochemistry and rotational diffusion of the
chemotaxing cell,whilemaintaining a responsesufﬁciently fast
to allow the bacterium to detect changes in the gradient of the
signal in real-time (Andrews et al, 2006).
Similar real-time inference may also occur in the system for
sugarmetabolismdescribedabove.Forexample,onceexposed
toahighextracellularstateofsugar,anotherstatehighinsugar
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Figure 2 Biochemical networks may use statistical inference to infer the probable state of the extracellular environment. (A) Inference in an environment with two
statescorrespondingtolowandhighamountsofextracellularsugarS.Thestatelowinsugargeneratesthebluedistributionofintracellular sugar;thestatehighinsugar
generates the red intracellular distribution. The environmental state is ambiguous for intracellular concentrations of sugar lying in the overlap between the two
distributions. The Bayesian posterior probability of the state high in sugar given intracellular levels of S is the black, sigmoid-like curve. (B) The response function of the
lac operon measured by its rate of transcription in populations of E. coli as a function of the chemical IPTG, a non-hydrolysable version of the sugar lactose, and cyclic
AMP(cAMP),whoseconcentrationinvivoisinverselyproportionaltotheconcentrationofglucose(MakmanandSutherland,1965).DatatakenfromSettyetal(2003).
In the interpretation of Libby et al, the extracellular environment has two states: one high in lactose (IPTG) and low in glucose (high cAMP), and the other low in lactose
andhighinglucose(lowcAMP).(C)AnexampleoftheprobabilitydistributionsforlactoseandcAMPinthetwoextracellularstates(Libbyetal,2007).Iftheextracellular
environment has two states with these distributions, then the response function measured in panel B is similar to the posterior probability of the state high in lactose and
low in glucose (high in cAMP). (D) The posterior probability of the state high in lactose and low in glucose given the two distributions in panel C. Compare with the
measured response function in panel B.
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because the bacteria are probably in the human gut. Such
memory naturally ﬁts into Bayesian inference through the
prior probabilities of the states high and low in sugar, P(high)
and P(low). After exposure to a state high in sugar, P(high)
couldincreaseandP(low)willcorrespondinglydecrease.With
this new prior probability, the posterior probabilityof the state
high in sugar will still be a sigmoidal function of S, but will
be larger at low concentrations of sugar. The change in the
prior probability, P(high), could be biochemically implemen-
ted in E. coli through the concentration at the plasma
membrane of the lactose permease, LacY, which is known to
remain at an elevated concentration for generations after an
initial exposure to lactose (Novick and Weiner, 1957).
Increasing the concentration of the permease will increase
the rate of the transcriptional response in a manner similar to
the change in the posterior probability because more lactose
will be transported into the cell for the same concentration
of extracellular lactose. In the eukaryote Saccharomyces
cerevisiae, a similar epigenetic memory of prior exposure to
galactose is created through concentrations of the cytosolic
enzyme Gal1p (Zacharioudakis et al, 2007). This increase in
concentration also has the effect of enhancing the transcrip-
tional response of the GAL regulon to low concentrations
of galactose (Kundu et al, 2007). Chromatin modiﬁcation
is another eukaryotic epigenetic mechanism that has the
potential to biochemically implement changes in prior
probabilities of environmental states (Houseley et al, 2008).
Such learning is often referred to as adaptive sensitization
(Ginsburg and Jablonka, 2009).
These examples show that cells have the potential to
implement sophisticated statistical calculations to infer
changes in their environment despite stochastic signals and
stochastic sensing networks. Over evolutionary time scales,
the signalling and decision-making networks should evolve to
encode the properties of the different possible environmental
states. If environmental characteristics change, then the
networks should alter to match this change (Tagkopoulos
et al, 2008; Mitchell et al, 2009).
Cells anticipate changes in the state of the
environment
Cells are continually sensing signals from a multitude of
sources. Integrating this information has the potential to
improve inference and consequently the ﬁtness of the
organism. While inferring the current environmental state
canbeadvantageous,equallysoisanticipatingfuturechanges.
Tagkopoulos et al (2008) have shown that E. coli appears to
infer from a sudden increase in temperature that it has left the
soil and is now in a host organism. Consequently, as the
bacteria pass into the gut of the host, they will experience a
reduction in available oxygen. Using microarrays, Tagkopou-
los et al demonstrated that the transcriptional response to an
increase in temperature overlaps with the response to a loss of
oxygen even if the temperature change occurs at maximal
oxygen levels. Having inferred from the increase in tempera-
ture that they are now in a host, the bacteria predict an
imminent loss of oxygen and respond appropriately in
advance (Tagkopoulos et al, 2008). Such anticipation is learnt
over evolutionary time scales. Using microevolution experi-
ments in which increase in temperature was unnaturally
followed by increase in oxygen, Tagkopoulos et al evolved
bacteria in which the association between oxygen and
temperature was substantially reduced. Another example can
be found in the expression of the sugar operons of E. coli.
During passage along the human gut, lactose appears earlier
than maltose, and, indeed, anticipating future exposure to
maltose, E. coli expresses the genes for metabolizing maltose
upon exposure to lactose (Mitchell et al, 2009). This response
is adaptive: activation of the maltose operon is lost if bacteria
are grown in an environment where lactose is not followed by
maltose and alternative sugars cannot substitute for lactose
and induce expression. Similar anticipatory responses also
occur in S. cerevisiae (Mitchell et al, 2009).
Biochemical networks have also been proposed that learn
on the time scale of the lifetime of the organism (Gandhi et al,
2007; Ginsburg and Jablonka, 2009; Fernando et al, 2009). In
such an associative learning framework, learning requires
both memory and recall. Upon responding to a stimulus, an
organism must record the aspects of the stimulus and its
response. When the stimulus stops, the organism should also
stop responding, but, through recall of its previous exposure,
the threshold of stimulus at which future responses occur will
change (Ginsburg and Jablonka, 2009). A classic example is
Pavlov’s dog, which learnt to associate a bell chime with
feeding by simultaneous occurrence of the chime and sight of
food. Genetic and signal transduction networks have been
designed in silico, which, although they initially respond only
to stimulus A and not to stimulus B, learn upon simultaneous
exposure to both stimuli to associate the stimuli and then
respond to stimulus B when it is applied alone (Gandhi et al,
2007; Fernando et al, 2009). Both networks work through a
molecule that enhances the response to stimulus B, but is only
synthesized when both stimuli simultaneously occur. Such
associative learning, despite its adaptive potential, has not yet
been discovered in cells.
Weighing costs and beneﬁts
Once a cell has inferred the most probable state of its
environment, it needs to decide an appropriate response.
The anticipated costs and beneﬁts of each potential response,
given the probable environmental state and the probable
futureenvironmental states,must becomparedtochoose both
the most advantageous response and the level at which to
respond. For new gene expression, for example, one expected
cost is the expenditure of cellular energy in the synthesis of
RNA and proteins; the expected beneﬁts will depend on the
environment and the properties and quantities of the proteins
synthesized. These costs and beneﬁts will be biochemically
encoded into decision-making networks over evolutionary
time-scales.
Cost and beneﬁt in terms of ﬁtness
In many situations, it may be hard to quantify or even identify
the various costs and beneﬁts to a cell of a particular response,
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organisms, however, the situation is simpler because much of
their physiology appears optimized to allow as rapid a
reproduction as possible, at least for laboratory strains. An
appropriate measure of ﬁtness, therefore, is cellular growth
rate, an experimentally accessible quantity. Perhaps the
simplest cellular decision is when and at what level a cell
shouldexpressaparticularsetofgenes.DekelandAlon(2005)
elegantly studied precisely this decision in the bacterium
E. coli by measuring the effects on cellular growth rate of
expressing the lac operon in different extracellular concentra-
tions of the sugar lactose. The lac operon encodes enzymes to
metabolize lactose, and we will use Z to denote their
intracellularconcentration.Byinducingtheoperontodifferent
extents in an environment without lactose and measuring the
reduction in growth rate of a population of bacteria as
compared with a control population that do not express the
operon, Dekel and Alon estimated the cost of this decision
(Figure 3A). They found that the reduction in growth rate
increased more than linearly with the amount of enzymes
produced because, they argued, high synthesis rates of some
proteins can deplete cellular resources and so impact cell
growth super-linearly (Dekel and Alon, 2005)—a form of
opportunity cost where one decision precludes another. In this
environment low in sugar, they found empirically that growth
rate glow is reduced from the growth rate of the control
population, gc,b y
glow ¼ gc   cðZÞð 3Þ
where cost of expression is calculated as
cðZÞ¼Z0Z þ Z
0
0Z2 ð4Þ
for positive constants Z0 and Z
0
0. Cost is a quadratic function
ofthequantityofenzymessynthesized,Z,atleastfortherange
of Z tested. Given this cost, they estimated the beneﬁt of
expression in different extracellular concentrations of lactose
by measuring the increase in growth rate for cells fully
expressing the operon as compared with control cells that did
not express the operon. Any increase in growth rate is
determined by surplus energy gained by the metabolism of
lactose despite synthesis of the enzymes required (Figure 3B).
Inthisenvironmentwhereconcentrationofextracellularsugar
can be high, the growth rate is
ghigh ¼ gc   cðZÞþbðZ; SÞð 5Þ
where increase in growth rate from sugar metabolism can be
described by
bðZ; SÞ¼d
SZ
KY þ S
ð6Þ
for positive constants d and KY. Dekel and Alon (2005)
postulate that this Michaelis–Menten form arises from the
action of LacYpermeases, which import lactose into the cell.
Decisions to optimize ﬁtness
To make a decision, a cell should compare the ﬁtness of each
potential response given the expected extracellular environ-
ment. We deﬁne the ﬁtness of a response as the expected
beneﬁt to the growth rate minus the expected cost. Such
comparisons happen often in our own reasoning. To decide
between one treatment and another, a doctor weighs the cost
and efﬁcacy of each treatment with the seriousness of the
disease. Dekel and Alon (2005) showed that the level of
expression of the lac operon appears to have evolved to
optimize a similar trade-off. Given their measured costs and
beneﬁts of expression, they used decision theory to ask what
particular concentration of enzymes, Z, should E. coli
synthesize to optimize its ﬁtness.Byassumingan extracellular
environment in just one state with a constant concentration of
extracellular lactose, they argue, and show with microevolu-
tionexperiments,thatbacteriamaximize theirgrowthrateasa
function of Z. The optimum concentration of Z, Zopt, satisﬁes
bðZopt; SÞ cðZoptÞXbðZ; SÞ cðZÞð 7Þ
for a ﬁxed concentration of the sugar lactose, S, and for all
otherconcentrationsofZ.Weassumethattheconcentrationof
intracellular lactose is proportional to the extracellular
concentration. The optimum Z is sigmoidal in S (Figure 3C).
Below a critical concentration of sugar, the cost of expression
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Figure 3 Cells may evolve to make optimal decisions. (A) The cost of expressing the lac operon in E. coli is measured by the reduction in relative growth rate when
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operon can be obtained by measuring the increase in the relative growth rate when the operon is fully expressed in environments with different amounts of extracellular
lactose.Theredcurveisgivenbyaﬁtofequation(5)withequation(6).DatainpanelsAandBarefromDekelandAlon(2005).(C)Theleveloftheexpressionofthelac
operon, Z, under conditions of zero glucose. ZWT is the level of expression of the operon when fully induced. Data are from Kalisky et al (2007). The red curve is the
predicted level of expression of the operon by Kalisky et al found by maximizing the beneﬁt minus the cost as a function of the extracellular concentration of lactose
(equation (7)). Bars indicate standard errors throughout.
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Above this concentration, the optimal expression increases
with S, although it eventually saturates because of both
diminishing beneﬁt and increasing cost.
Surprisingly, considering a two-state environment—one
state low and one state high in sugar—with each state
producing some distribution of intracellular sugar S,w e
can use decision theory and Dekel and Alon’s measurements
to optimize the expected growth rate and derive Bayes’s rule
(Box 2).
Considering beneﬁt minus cost as a measure of ﬁtness may,
however, be too simple. The expression for the lac operon
predicted byDekel and Alon from equation (7) does not match
in detail the measured level of expression (for bacteria grown
in the absence of glucose; Kalisky et al, 2007). The predicted
optimal curve rises higher than that for wild-type expression,
although with a gentler slope (Figure 3C). By allowing an
environment with a probability distribution for concentration
of sugar, Kalisky et al have improved the prediction by
averaging over this distribution. For their best comparisons,
they use a bimodal distribution similar to a superposition of
the two distributions generated by the two environmental
states proposed by Libby et al (2007). They improve their ﬁt
further by considering stochastic ﬂuctuations in the concen-
tration of the transcription factor controlling the response
(LacI). Such stochasticity reduces ﬁtness, but only if the
regulatory proteins have concentrations near those that
optimize the growth rate. Otherwise, ﬂuctuations can be
beneﬁcial because cells that by chance happen to grow faster
will dominate the population (Tanase-Nicola and ten Wolde,
2008). Near the optimal growth rate, the deleterious effect of
ﬂuctuations intheconcentrationofthetranscription factorcan
be minimized if the cellular response is saturated at those
concentrations of sugar that are most frequent (Kalisky et al,
2007). The DNA-binding site of the transcription factor is
consequently either always occupied or always free. Typical
ﬂuctuationsintheconcentrationoffreetranscriptionfactorare
buffered either by high concentration of the inducer lactose or
bya large number of active transcription factors (Elowitz et al,
2002).
Other deﬁnitions of cost and beneﬁt
That cells may do more than optimizing their growth rate is
also well known in ecology. There, a distinction is drawn
between r and K selection (r and K are variables in the logistic
equation, which models the growth of populations: r is the
maximum possible growth rate and K is the carrying capacity
or maximum size of the population; MacArthur and Wilson,
1967). A typical organism undergoing r selection grows
Box 2 Deciding by optimizing ﬁtness—a derivation of Bayes’s rule as an optimal response
We can use decision theory to determine the optimal response for an E. coli in an environment that has two possible states, one low and one high in sugar.
UsingthemeasurementsofDekelandAlon(2005)ofthecostandbeneﬁttothegrowthrateofexpressinganoperontocatabolizesugarwecanshow,perhaps
surprisingly, that the growth rate of the bacterium is optimized if its response follows Bayes’s rule. Let Z(S) denote the level at which the bacterium expresses
the operon when the intracellular concentration of sugar is S. We then use glow(Z) to denote the growth rate when the operon is expressed at level Z and the
environment is in the state low in sugar, and ghigh(Z) for the growth rate when the environment is in the state high in sugar. The expected growth rate of the
bacterium, g ¯, can be obtained by integrating the growth rate over all possible states of the environment and all possible intracellular concentrations of sugar,
S, weighted by the probabilities of the environmental states and the concentrations of sugar:
 g ¼
Z
dS½glowðZðSÞÞPðS; lowÞþghighðZðSÞÞPðS; highÞ 
ToﬁndthefunctionZ(S)thatmaximizes thisexpectedgrowthrate,weusethecalculusofvariations.Theoptimallevelofexpressionoftheoperonsatisﬁes:
qglowðZðSÞÞ
qZðSÞ
PðS; lowÞþ
qghighðZðSÞÞ
qZðSÞ
PðS; highÞ¼0
We use equations (3) and (5) for the growth rates in the two environmental states, and by doing so assume that the intracellular concentration of sugar is
proportional to the extracellular concentration, following Dekel and Alon (2005). In equation (3), we have further assumed that the concentration of sugar is so
lowinthestatelowinsugarthatanybeneﬁtofsynthesizingZissubstantiallyoutweighedbyitscost.FromFigure3B,thisassumptionimpliesthat,forthesugar
lactose, the probable concentrations of extracellular lactose in the state low in sugar are less than 0.1mM. Differentiating equations (4) and (6) with respect
to Z, and substituting above, we ﬁnd that the optimal value of Z, which we denote Zopt, satisﬁes:
ð Z0   2Z
0
0ZoptðSÞÞPðS; lowÞþ   Z0   2Z
0
0ZoptðSÞþ
dS
KY þ S
  
PðS; highÞ¼0
or
ZoptðSÞ¼
d
2Z
0
0
 
S
KY þ S
 
PðS; highÞ
PðSÞ
 
Z0
2Z
0
0
if we re-arrange. Dekel and Alon found that
Z0
2Z
0
0
’ 0:01ZWT;
where ZWT is the wild-type level of expression of the lac operon, and we will ignore this term. If the most probable concentrations of extracellular sugar in the
statehighinsugararegreaterthanKY,whichisestimatedtobe0.4mMforlactose(DekelandAlon,2005),thenthepermeasesimportingsugararesaturated,
and S
KYþS ’ 1. Consequently, Zopt(S) approximately satisﬁes
ZoptðSÞ 
PðS; highÞ
PðSÞ
¼
PðSjhighÞPðhighÞ
PðSÞ
;
which is Bayes’s rule. Although we have made several assumptions, optimizing the expected growth rate also optimizes inference of the extracellular state.
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extensive environmental calamities can occur, but there is
little competition. A typical organism undergoing K selection
lives in a competitive environment and maximizes its
competitive abilities rather than its growth rate (Pianka,
1970).Anrstrategy,therefore,maximizestheexpectedgrowth
rate,whereasaKstrategycouldminimizetheextinctionrateor
perhaps the variance in the growth rate. Such issues become
more complex when we consider the effects of decisions made
by other cells.
Although reproduction ultimately decides ﬁtness, we can
also examine the effectiveness of biochemical networks that
do not directly affect growth. Chemotaxis is an attractive
system because its goal—to chemotax towards or away from a
source of a chemical—can be identiﬁed. Stochasticity affects
the diffusion of the signal, binding of the signal to any
receptors at the cell surface, signal transduction, and
potentially the motion of the chemotaxing cell itself. Some
organisms, such as E. coli, move by swimming at constant
speed with abrupt stops where they re-orient in a random
direction—a process known as tumbling—and then begin
swimming again. To swim up a chemical gradient, the cell
sensesthecurrentconcentrationofthechemicalandcompares
it to the concentration sensed earlier (Schnitzer et al, 1990).
If the concentration is increasing, the cell is swimming in the
rightdirectionandtumblingissuppressed.Iftheconcentration
is decreasing, the cell is swimming in the wrong direction and
tumbling happens more often. In principle, cells could sense
concentrations by allowing the chemical to enter the cytosol
and interact with signalling molecules or transcription factors,
as in the examples of sugar metabolism discussed previously.
However, a more accurate strategy is for cells to degrade the
signal at their surface and so prevent re-measurement of
previously observed molecules (Endres and Wingreen, 2008).
Cells may also use stochasticity to improve their chemotaxis:
bacteria swimming in the wrong direction may re-orient faster
by rotational diffusion rather than by actively changing their
motion (Strong et al, 1998).
The accuracyof a decision can also be used to quantify cost.
Andrews and Iglesias (2007) have modelled decision-making
and the chemotactic response of slime moulds. In their model,
the state of the environment is the true angle of a chemical
gradient, ys, up which a slime mould wishes to chemotax.
A chemotaxing cell senses and responds stochastically with
a movement angle yr.I fyr does not equal ys, the cell does not
chemotax towards the source and receives a cost in ﬁtness,
which Andrews and Iglesias suggest obeys the equation
cðys; yrÞ¼
1
2
½1   cosðys   yrÞ  ð8Þ
Equation (8) is minimal when ys¼yr and maximal when ys
and yr are 180 degrees apart. Using a Bayesian approach, they
calculate the expected cost as
 c ¼
Z
dysdyr PðyrjysÞPðysÞcðys; yrÞð 9Þ
where P(yr|ys) is a probability distribution describing the
stochastic behaviour of the chemotactic network—the tighter
this distribution is around ys, the better the chemotaxis—and
the distribution P(ys) is the cell’s prior knowledge of the
locationofthesourceofthesignal.AndrewsandIglesiasasked
how accurately does yr need to reﬂect ys if the expected cost is
to be less than some threshold D, a standard information-
theoretic calculation (Cover and Thomas, 2006). To predict
behaviour, they use the distribution P(yr|ys) that has the
maximum allowed cost of D and so minimizes the correlation
(or, more correctly, the mutual information) required between
yr and ys. Interpreting the degree of polarization of the cell’s
morphology as proportional to the cell’s degree of prior
knowledge,theirpredictionsarequantitativelyconsistentwith
observations with the slime mould Dictyostelium discoideum.
Unpolarized cells respond as if they have no a priori
assumptions and, for example, change directions more
frequently than polarized cells (Andrews and Iglesias, 2007).
Decisions at the level of populations
So far we have looked at decision-making strategies as they
beneﬁt isolated individuals, but cells and organisms typically
exist in populations. Interactions between organisms or
between organisms and their environment can change the
ﬁtness of different strategies over time. Decision theories with
assumptions of a single decision-maker and ﬁxed costs and
beneﬁts are no longer appropriate (Nowak and Sigmund,
2004). Although we have argued that decision-making strate-
gies can be understood as maximizing or near-maximizing
the reproductive success of the individual, competition may
force organisms to use strategies that appear suboptimal. For
example,Pfeifferetal(2001)havearguedthatatrade-offexists
between the yield of ATP and its rate of production during the
metabolism of sugars. Fermentation can produce ATP at a
faster rate than respiration because it produces fewer ATP
molecules per sugar molecule. In situations where organisms
are competing for a common, extracellular resource, they
should, therefore, use fermentation. When metabolizing
internalresources,theyshoulduserespiration.Thisprediction
is borne out for some microorganisms, such as S. cerevisiae,
which use fermentation to produce ATP while decomposing
organic matter even in the presence of oxygen (Pfeiffer et al,
2001). A strategy with lower ﬁtness in environments without
competition—fermentation is inefﬁcient use of a resource—
can become successful in environments with competition.
Optimizing inclusive ﬁtness
Such phenomena, where ﬁtness of a strategy depends on the
strategies adopted by the rest of the population, are best
analysed using ideas from evolutionary theory. Natural
selection can be viewed as maximizing not the ﬁtness of an
organism, but its inclusive ﬁtness (Hamilton, 1964). The
reproductive success of an organism need not only come
through the individual organism’s own reproduction, but also
through reproduction of related organisms because they share
thegenesoftheindividual. Inclusiveﬁtnessincludesthedirect
ﬁtness of an organism, offspring generated by the organism’s
own behaviour, and its indirect ﬁtness, the offspring of
neighbours, which survive because of the actions of the
organism, but their contribution to inclusive ﬁtness is
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the organism. Decision-making strategies that appear sub-
optimalbecauseofasuboptimaldirectﬁtnessoftheindividual
can be understood as optimal because of their contribution to
increasing the individual’s indirect ﬁtness. Such cooperative
strategies, which beneﬁt other cells in the population, but are
possibly detrimental to the decision-maker, can be described
by Hamilton’s rule (Hamilton, 1964; Box 3). If b is the beneﬁt
to the ﬁtness of the cooperation’s recipient, c is the cost to the
ﬁtness of the cooperator, and r is a measure of the genetic
relatedness of the recipient and the cooperator, then a
cooperative strategy will be favoured by selection if
rb4c ð10Þ
A cooperative strategy can only be selected if there is genetic
relatedness (r40) and if the beneﬁt is sufﬁciently high and the
cost is sufﬁciently low.
Equally inﬂuential is the concept of an evolutionarily stable
strategy (Maynard Smith and Price, 1973), which formalizes
what we mean by an optimal strategy. A population
implementing an evolutionarily stable strategy is optimal in
that it cannot be invaded by a small number of organisms
implementing an alternative strategy.
Research has focused on understanding the decision-
making strategies in populations of microorganisms (Keller
and Surette, 2006; West et al, 2006). Experimentally determin-
ing the cost and beneﬁts appearing in Hamilton’s rule is
difﬁcult, but it is relatively straightforward to change the
degree of relatedness in populations of microorganisms: for
example, by seeding the population with either a single clone
or two clones with opposing phenotypes, or by either
preventing or allowing mixing of growing subpopulations.
Such manipulations should, however, not alter the cost and
beneﬁt of a cooperative strategy. It is important, though, to be
awarethatgeneralizingfromresultsobtainedunderlaboratory
conditions may not always be appropriate. The effects of
stochasticity have also attracted attention, and we will begin
by looking at such effects in bet-hedging decisions.
Bet-hedging strategies
A bet-hedging strategy is usually one in which different
individuals of an isogenic population persistently exhibit
different phenotypes. It can be deﬁned as a phenotypic
polymorphism that reduces the variance in ﬁtness of a
population of cells while possibly increasing the variance in
ﬁtnessforcertainindividuals within thepopulation (Segerand
Brockmann, 1987). How are such strategies implemented by
the cell? Biochemically, the gene or protein network that
determinesthephenotypemustbebi-stableor,moregenerally,
multi-stable. It must have several distinct, heritable steady
states. One example is phase variation in bacteria, where cells
decide between expressing different phenotypes or ‘phases’.
Although the biochemistry generating the phenotypes is
diverse, ranging from site-speciﬁc rearrangements of DNA to
epigenetic mechanisms, the strategy of phase variation is an
example of convergent evolution having been adopted by
many bacterial species (Avery, 2006).
Stochasticﬂuctuationsinamulti-stablenetworkcanbeboth
advantageous and disadvantageous. Too large, and they can
undermine the dynamical stability of each steady state,
causing cells to ﬂuctuate too rapidly from one phenotype to
another (Hasty et al, 2000; Acar et al, 2005). For example,
much of the genetic regulation active in lysogenous phage
lambda is believed to reduce stochastic ﬂuctuations into the
lysogenic state (Aurell et al, 2002; Santillan and Mackey,
2004). Yet, in general, decision theory predicts that random
strategies can outperform deterministic strategies whenever
some aspect of the environment is unobserved (Bertsekas,
2005). A cell can never accurately sense all relevant variables
Box 3 Decisions in populations—Hamilton’s rule
Hamilton’s rule determines whether natural selection favours
cooperation. Here we follow the derivation of Queller (1992) and
Frank (1998). For an organism, i, in a population, we let zi be the
probability that the organism will try to cooperate when meeting
another organism. Let us suppose that N genes encode the
cooperative behaviour and that organism i has xij copies of gene j.
Our ﬁrst assumption is that zi can be written as a linear function of
the xij:
zi ¼
X N
j¼1
bjxij þ di
for constant bj. This equation for zi is usually interpreted as a linear ﬁt
across a population of z to the number of copies of all the required
genes. Then di is the ﬁtting error, or residual, for organism i, and the
average of d over the population is then zero—as we might expect
because the probability of cooperation should also be zero if all the xij
are zero and the individual has no genes for cooperation. If we write
gi ¼
P
j
bjxij; then z ¯ ¼g ¯ with averages taken over the population.
The equation of Price (1970) describes natural selection. In the
simplest scenario, the difference in the mean value of a character such
as g between an ancestral and a descendant population, Dg, obeys
Dg ¼
Covðw; gÞ
 w
with wi the ﬁtness of organism i and Cov denoting covariance. For
cooperativity to be selected, we require the probability of trying
cooperation to increase in the descendant population and Dz40, but
Dz ¼ Dg because  z ¼  g, and so we need only
Covðw; gÞ40
Our second assumption is that the ﬁtness of organism i can be
written as a linear function of gi and of the average value of gi for the
local group of organisms with which organism i interacts. We denote
this average value as Gi. We assume that
wi ¼  w þ aðgi    gÞþbðGi    GÞþei
with, as a third assumption, a and b being constant across the
population. This equation is also often interpreted as a linear ﬁt of w to
g and G with ei as a residual. The residual is not expected to co-vary
with either gor G. Ifwe insert this expression inthe Cov(w,g), we can
see that cooperative behaviour and the genes for cooperation will be
selected if
aCovðg; gÞþbCovðg; GÞ40:
Now a describes how the ﬁtness of organism i directly changes
because of its cooperative behaviour to others. We expect this
cooperative behaviour to be costly to organism i, and so write a¼ c,
with c the cost to ﬁtness. Organism i gains in ﬁtness from the
cooperative actions of others, however, and so we can write b¼b,
with b this beneﬁt to ﬁtness. Consequently, we have
Covðg; GÞ
Covðg; gÞ
b4c
as our condition for selection. By interpreting the ratio of covariances
as the coefﬁcient of relatedness, r, we have Hamilton’s rule. The
history of this approach is described by Gardner and Foster (2008).
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behaviour is high, and not present under only special
conditions. Indeed, without such ﬂuctuations it may be
impossible to generate different phenotypes within the
population at all.
Although bacteria exploit stochastic ﬂuctuations to generate
phase variation and to determine the lifetime of each phase,
how much stochasticity is necessary and how should this
stochasticity relate to variation in the environment? Surpris-
ingly, even fully stochastic switching with no sensing of the
environment can be evolutionarily stable, but only if the
environment changes infrequently (Kussell and Leibler, 2005).
Assuming an alternative strategy that continuously senses the
environment with a concomitant continuous cost in metabolic
energy, Kussell and Leibler showed mathematically that
stochastic switching without sensing is stable provided the
state of the environment is not too uncertain, and related the
extent of that uncertainty to the environment’s entropy. The
cost of sensing then outweighs the beneﬁt because the
environment changes rarely and most sensing is superﬂuous.
In agreement with earlier predictions (Lachmann and Jablon-
ka, 1996; Thattai and van Oudenaarden, 2004; Wolf et al,
2005), they proved that the optimal level of stochasticity or,
more exactly, the optimal rate of switching is proportional to
the probability of a change in the state of the environment and
inversely proportional to the average lifetime of an environ-
mental state (Kussell and Leibler, 2005). Such a choice
balances the advantages of quickly switching to the optimum
phenotype for the current environmental state and the
disadvantages of quickly switching from this optimum
phenotype before the state of the environment changes (Wolf
et al, 2005). Wolf et al (2005) included stochastic sensing,
allowing environmental transitions to be unobserved, ob-
served only after long delays, or the environmental state to be
incorrectlyidentiﬁed.Whenthecostsofsensingarenegligible,
they found that the strategy of fully stochastically switching is
onlyevolutionarily stable if the stochasticity impeding sensing
is strong enough to effectively prevent sensing of environ-
mental transitions. For example, if the delay in signal
transduction is sufﬁciently long that the measured environ-
mental state no longer corresponds to the current environ-
mental state (Wolf et al, 2005).
Many of these predictions have been veriﬁed experimen-
tally. Using a synthetic bi-stable genetic network in E. coli,
Kashiwagi et al (2006) showed that stochastic ﬂuctuations can
cause cells to switch into the state most favoured by the
current environment. Acar et al measured the growth rate of a
yeast strain engineered to switch stochastically between two
states in an environment that periodically varies between two
environmental states: one favouring the growth of one cellular
state and the other favouring the growth of the other cellular
state. As predicted, they found that fast switchers grow faster
in rapidly varying environments and that slow switchers grow
faster in slowly varying environments (Acar et al, 2008).
Natural examples include the slow-growing persister cells in
isogenic bacterial colonies (Balaban et al, 2004; Kussell et al,
2005). Such cells are able to resist some antibiotics, and, after
removal of the antibiotic, the surviving persisters give rise to a
colony that again has a small fraction of persisters because
stochastic transitions occur between the persister and the
usual cellular state (Balaban et al, 2004). Another bet-hedging
strategy is followed by Bacillus subtilis. Under poor nutrient
conditions, most cells commit to sporulation, but a small
fraction instead become ‘competent’ (Maamar and Dubnau,
2005; Smits et al, 2005; Suel et al, 2006). They are then able to
take up DNA from the environment betting that new DNAwill
enable growth despite the poor conditions. This decision to
become competent is made stochastically: reducing intracel-
lular stochasticity reduces the fraction of competent cells
(Maamar et al, 2007; Suel et al, 2007).
Bet-hedging can usually be understood as cooperative
behaviour. Consider persister cells. Although while in the
persister state, cells have the potential to survive some
catastrophes, they grow only very slowly, and there is no
guarantee that a suitable catastrophe will ever occur. Why
shouldcellsthenenterthepersisterstate?Astrainwithalower
percentage of persisters could potentially invade because its
faster growth may generate a greater number of persisters at
the next catastrophe. Bacterial cells are usually surrounded by
relatives in a clonal group. Although their direct ﬁtness is low
inthepersisterstate,unlessacatastropheoccurs,theyincrease
their indirect ﬁtness by freeing resources for other cells
(Gardner et al, 2007). Indeed, modelling predicts that the
number of persister cells should increase as resources become
scarce.The cost topersistercells oftheirdecision becomesless
because the growth rate of non-persister cells decreases and
the beneﬁt to non-persister cells increases because resources
are limiting (Gardner et al, 2007).
The tragedy of the commons
Problems of cooperation occur most often when different
organisms share a common resource (Hardin, 1968; Rankin
et al, 2007). Organisms can ‘cheat’ by using the resource
inefﬁciently or by not contributing as much to the resource as
others and yet still receive almost as much beneﬁt because the
cost of their cheating is shared by all the organisms. Such
cheaters can substantially lower the ﬁtness of the population
as compared with a population of cooperators (Figure 4). An
example of this ‘tragedy of the commons’ is cancer.
Microorganisms often contribute to a common pool of
molecules (West et al, 2006). For example, a cytosolic pool of
viral proteinsis createdwhen manyviruses infect a single host
cell, but a mutant virus can evolve that sequesters proteins
from the pool, but contributes little, leading to loss of ﬁtness
for all viruses (Turner and Chao, 1999). Many bacteria
communicate by releasing small, diffusible, autoinducer
molecules (Keller and Surette, 2006). Detection of autoindu-
cers often leads to expression of exoproducts, such as
extracellular enzymes, nutrient-scavenging molecules, and
toxins, and to further synthesis of the autoinducers. At high
densities of cells, this positive feedback allows such quorum
sensing to generate substantial production rates of exopro-
ducts, a common resource, but quorum sensing too is
vulnerable to mutants that avoid the cost of synthesizing the
exoproducts, yet still beneﬁt from them (Diggle et al, 2007).
The ﬁtness of such cheaters decreases with frequency because
the common pool shrinks as fewer and fewer individuals
contribute. Nevertheless, by competing a wild-type and a
cheater strain of Pseudomonas aeruginosa under different
Strategies for cellular decision-making
TJ Perkins and PS Swain
10 Molecular Systems Biology 2009 & 2009 EMBO and Macmillan Publishers Limitedconditions of relatedness, Diggle et al (2007) showed that high
relatedness favours the cooperative, quorum-sensing strategy.
Cheaters, intriguingly, reduce virulence in P. aeruginosa
because they decrease the rate of production of virulence
factors (Rumbaugh et al, 2009).
Both cheaters and cooperators can stably coexist. Greig and
Travisano (2004) considered the strategy to express the SUC
genes used by S. cerevisiae. These genes encode the enzyme
invertase, which hydrolyses sucrose, but, unusually, this
enzyme is secreted extracellularly and, therefore, potentially
beneﬁts all nearby cells. Greig and Travisano argue that the
observed high degree of polymorphism both in the number of
SUC genes and their activity arises because of selection for
cheaters, whereby some cells with one polymorphism do not
synthesize invertase, but beneﬁt, instead, from its expression
by others with a different polymorphism. Gore et al (2009)
extended these ideas. Bycompeting twostrainsof yeast,one, a
cooperator that expresses invertase, and another, a cheater
that does not, they demonstrated that small numbers of
cooperating cells can invade a population of cheaters and that
small numbers of cheaters can invade a population of
cooperators. Both strategies can coexist: the evolutionarily
stable strategy is a mixed strategy. Cooperators beneﬁt slightly
morefromtheinvertase theyexpressthan nearbycheatersand
can more than recover the cost of synthesizing the enzyme. As
the number of cooperators grows, more sucrose is available to
the cheaters whose growth rate overtakes that of the
cooperators because the cheaters do not synthesize invertase.
With many cheaters, however, their growth rate slows as
compared with that of the cooperators because little hydro-
lysed sucrose is available. Invertase converts sucrose into
glucose and fructose, and wild-type yeast cells repress the
expression of invertase when extracellular glucose levels are
sufﬁciently high. Consequently, a wild-type cell will cooperate
in a population of cheaters and will cheat in a sufﬁciently large
population of cooperators (Gore et al, 2009). A similar
coexistence can occur with two strains of yeast competing
foracommonsourceofglucose.FollowingPfeifferetal(2001),
MacLean and Gudelj (2006) competed a strain that was only
able to respire against a strain that could both respire and
ferment. Despite the fermenter strain expending the glucose
faster, the cooperating respirer strain was not outcompeted
because the fermenters are punished through the toxic by-
products (mainly ethanol with some acetate) they excrete.
Although theseby-productsdiffuse away, theycanaccumulate
rapidly when the density of fermenters is high (MacLean and
Gudelj, 2006).
Cooperating with other cooperators: structured
populations
Acooperativestrategyismorelikelytobeevolutionarilystable
if an organism is often surrounded by related organisms
because this spatial structure increases r in Hamilton’s rule.
Ackermann et al (2008) considered self-destructive coopera-
tion where some cells decide stochastically on self-destructive
behaviour for the beneﬁt of others. Such cooperation is in
general not evolutionarily stable because cheaters that never
act to beneﬁt others can always invade and dominate. The
situation changes, however, in a spatially structured environ-
ment. For example, pathogenic bacteria infect a population of
hosts and each host is spatially isolated. Ackermann et al
showed that if the number of cells infecting a host and the
probability of cheating is small then cooperation is evolutio-
narily stable because cooperators are likely to ﬁnd themselves
with other cooperators. Cheater cells, if present, will dominate
in any one host, but can then be invaded by cooperators in a
new round of hosts. A possible example is Salmonella
typhimurium, which must remove intestinal microﬂora as
competitors. To do so, S. typhimurium triggers an inﬂamma-
tory response in the human gut by invading gut tissue. Cells
that invade gut tissue are, therefore, beneﬁting other cells and
behaving cooperatively. This cooperation is also self-destruc-
tive because those S. typhimurium that do invade are usually
killed by the innate immune defences of the intestine
(Ackermann et al, 2008).
Stochasticity can enhance cooperation in structured popula-
tions.Ifsubpopulationsofcellsgrowindependently,theglobal
proportion of cooperating cells can increase even though the
number of cooperators within each subpopulation decreases
(Chuang et al, 2009). This apparently paradoxical situation
arises if those subpopulations with a higher proportion of
cooperators grow faster than those with a lower proportion
because fast-growing subpopulations dominate global
averages. Such a global increase in cooperators requires
exponential growth and sufﬁcient variance in the composition
of the initial subpopulations (Chuang et al, 2009).
Althoughlimiteddispersalleadingtostructuredpopulations
where cells grow near their relatives can favour cooperation, it
need not because scarce resources can cause related cells to
compete and so reduce b in Hamilton’s rule. Siderophores are
molecules secreted by manymicroorganismsto scavenge iron.
They form an extracellular, common pool, and mutant cheater
cells can evolve that beneﬁt from the secreted siderophores,
Figure4 Thetragedyofthecommons.Bluecooperatorcellssecreteenzymes,
shown by a pentagon, which hydrolyse an extracellular metabolite, shown as two
joined circles, into a form that cells can import (two separated circles). The
enzymatic reaction is highlighted within the dotted circle. Green cheater cells
beneﬁt from the cooperative action of synthesizing the enzyme by importing the
hydrolysed molecules. They do not, however, pay the associated cost because
they do not synthesize the enzyme themselves, and hence have a growth
advantage. As the number of cheater cells grows, the resource is used less and
less efﬁciently, and the ﬁtness of the population of cells decreases.
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cooperative production of siderophores by P. aeruginosa was
favoured both byhigher relatedness among neighbouring cells
and by competition occurring globally rather than locally,
which reduces competition between relatives.
Conclusion
We believe that ubiquitous stochasticity makes cellular
decision-making probabilistic. Here, we have reviewed recent
work showing that cells can, in principle, biochemically
implement statistical inference for estimating environmental
states and that such an interpretation is both qualitatively
and quantitatively consistent with measured responses of
gene-regulatory and signalling networks. Furthermore, cells
can act with anticipation, making regulatory decisions that,
although suboptimal for their current environment, are
expectedtobeadvantageousafteranimminent environmental
change. Key to decision-making are the relative costs and
beneﬁts of different responses, which allow the optimality
of responses to be tested experimentally. Finally, evolutionary
theory shows how interactions within populations of organ-
isms can lead to suboptimal behaviours, both for some
individuals and for the entire population. Together, these
examples demonstrate that human-developed theories of
decision-making under uncertainty apply at the cellular
level as well. This approach to understanding cellular
behaviour is in its infancy, but we believe many discoveries
are yet to come.
The conjecture that cellular networks have evolved to
implement statistical and decision-theoretic computations is
challenging to verify experimentally. Rather than focussing on
characterizing one strategy, it is better to compare different
strategies, perhaps through competition experiments, but
developing, for example, bacterial strains with rival strategies
is difﬁcult. Often we know little of the environmental statistics
that held sway during the evolution of an organism and to
which it expects to respond. One means to address this
problem is microevolution experiments where, by controlling
the environments that a population of cells experiences, we
know the sensing and decision-making challenges the cells
face (Dekel and Alon, 2005; Tagkopoulos et al, 2008; Mitchell
et al, 2009). The genomes of the evolved organisms can be
sequencedtodeterminehowthedecision-makingnetworkhas
evolved or predictions of decision-making behaviours based
onthepresumedstrategyofthecellscanbeveriﬁed(Dekeland
Alon, 2005; Acar et al, 2008). We can investigate the potential
strategies implemented by cells by determining what proper-
ties of time-varying signals they measure using microﬂuidic
devices (Bennett et al, 2008; Hersen et al, 2008; Mettetal et al,
2008). Synthetic biology is another approach by
which our understanding of cellular decision-making can be
tested by synthesizing and analysing in vivo a biochemical
network with a desired decision-making strategy (Chuang
et al, 2009).
Our approach to cellular decision-making highlights the
importance of determining as best as possible the native
environment of an organism and of studying both individual
cells and populations. The results of Tagkopoulos et al (2008)
and Mitchell et al (2009) show that cells may not respond to
the actual signal sensed, but may instead respond in
anticipation of some event historically correlated with the
signal. We need to investigate responses to signals of a
magnitude that is appropriate to the cell’s environment.
Such magnitudes are usually lower than those applied in
the laboratory and, as such, can mask cooperation, where
some cells may not respond to low signal to allow others to do
so, or cheating, where cells use the signal rapidly to
outcompete others even though a rapid response reduces the
beneﬁt gained by all. Similarly, we may need to mimic the
spatial structure of the native environment to understand why
some cooperative strategies persist. The importance of
stochasticity in cellular decision-making highlights the
importance of studying single cells. In general, random
strategies can outperform deterministic strategies if some
aspect of the environment is unobserved, even without
competition (Bertsekas, 2005). Such exploitation of stochas-
ticity is difﬁcult to detect in populations of cells because
stochastic effects are averaged at the level of the population.
Alternatively, cells often regulate away stochasticity in
the signals they sense. To understand how this regulation
occurs biochemically, we need to measure the responses of
individual cells to signals that ﬂuctuate as cells have evolved
to expect.
With a few exceptions (Vilar et al, 2003; Tanase-Nicola and
tenWolde,2008),anomissionofpresentresearchistoconnect
sensing strategies at the molecular level to decision-making
strategies at the population level. Most studies on bet-hedging
andcooperativity,forexample,donotevenconsidertheroleof
sensing. Such a link is necessary to unite systems biology with
evolutionary biology and to fully understand biological design
(Loewe, 2009). Cellular sensing strategies, for example, have
evolved in environments where interactions with other
organisms are important: S. cerevisiae even though it does
not secrete siderophores still expresses receptors for side-
rophores synthesized by other microorganisms. Analysing
such inter-organism interactions is a strength of evolutionary
biology. Deﬁning the limits of adaptation determined by
biochemical networks and ﬁnding the functional form of the
cost, beneﬁt, and ﬁtness of a decision-making strategy are
necessary for an understanding at an evolutionary level, yet
are all strengths of systems biology.
A number of other areas have received little attention. Both
deterministic dynamics and inﬁnite populations are often
incorrectly assumed when determining evolutionarily stable
strategies.Opportunity costs,whereone decision can preclude
another byconsuming resources,are usually ignored. So too is
the ability of cells to inﬂuence the state of their environment—
often viewed as the main purpose of decision-making in
artiﬁcial intelligence and control theory. Such abilities can
generate systems with no evolutionarily stable strategy. For
example, Kerr et al (2002) consider three strains of competing
bacteria: a colicinogenic strainthat can releasea toxin,colicin,
into the environment; a resister strain that has mutated the
membrane proteins that translocate the toxin; and a sensitive
strain. Under certain conditions, the evolutionary dynamics of
this system oscillate with time. The resister strain can outgrow
the colicinogenic strain because resisters do not carry the
plasmid necessary to synthesize the toxin. The resister
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because this strain has fully functioning membrane proteins
that, although sensitive to the toxin, also uptake nutrients.
Finally, the sensitive strain can be outgrown by the colicino-
genic strain because they are not resistant to colicin—a ‘rock-
paper-scissors’ scenario (Kerr et al, 2002).
We also do not knowthe ﬁdelity required of sensing. Often a
cell can improve ﬁdelity by, for example, increasing the
number of receptors, but energy and resources must be
expended to synthesize, operate, and maintain more complex
signalling networks. Fidelity can also be increased by taking
more time to detect and analyse stochastic signals, but in
rapidly ﬂuctuating or competitive environments such time
may not be available. These trade-offs have been little
explored, although the physics of sensing at least determines
a lower bound on what is achievable (Berg and Purcell, 1977;
Bialek and Setayeshgar, 2005; Tostevin et al, 2007). A related
line of research has focused on the reliability of a response by
investigating its robustness or insensitivity to changes in the
values of parameters (Rao et al, 2002; Stelling et al, 2004),
particularly for chemotaxis (Barkai and Leibler, 1997; Alon
etal,1999;Yietal,2000;Kollmannetal,2005),developmental
networks(vonDassow et al,2000;Eldaret al,2002; Albertand
Othmer, 2003; Manu Surkova et al, 2009), and the immune
response (Feinerman et al, 2008). Such changes result from
differences in the intracellular environment between cells and
in individual cells over time. For example, many parameters in
models are often implicit functions of the concentration
of another intracellular species, which itself undergoes
ﬂuctuations with its own characteristic lifetime (Shahrezaei
et al, 2008).
Not all decision-making need be sophisticated. Cells
include, for example, many intracellular homeostatic mechan-
isms (Alberts et al, 2007). In other cases, the need to respond
quickly may be overriding. For example, we reﬂexively pull
our hand awayfroma hot stovewithout careful contemplation
of the temperature of the stove or the likely damage our hand
will receive. The importance of minimizing injury trumps all
other concerns. Cells may have similar ‘reﬂexes’ for dealing
with potentially dangerous situations. A possible example is
the response to osmotic shock in S. cerevisiae (Hohmann,
2002).
Nevertheless, because stochasticity and incomplete
information are so pervasive at the cellular level, we predict
that strategies from statistics, decision theory, and evolution-
ary theory should be widely observed when cellular networks
are viewed at the level of information processing and as
such should hold much explanatory power. Despite being
implemented in different organisms and with different
biochemistry, we believe that through functional conservation
or convergent evolution, the number of such strategies
will be comparatively small. Just as interactions between
proteins and genes can be coarse-grained to a level of
interacting functional modules (Hartwell et al, 1999), with a
limitednumberoffunctionsperformedbythosemodules,ayet
higher level of coarse-graining is to determine how these
functional modules come together to create sensing and
decision-making strategies, and, higher still, how these
strategies are linked to produce adaptable and evolvable
organisms.
Acknowledgements
We thank Erez Dekel, Eldon Emberly, Kevin Foster, Andy Gardner, and
Steve Michnick for critical comments on the paper, and Eric Libby for
many interesting conversations. TJP is funded by NSERC and the
Ottawa Hospital Research Institute. PSS is supported by a Scottish
Universites Life Sciences Alliance (SULSA) chair in Systems Biology.
Conﬂict of interest
The authors declare that they have no conﬂict of interest.
References
Acar M, Becskei A, Van Oudenaarden A (2005) Enhancement of
cellular memory by reducing stochastic transitions. Nature 435:
228–232
Acar M, Mettetal JT, van Oudenaarden A (2008) Stochastic switching
as a survival strategy in ﬂuctuating environments. Nat Genet 40:
471–475
Ackermann M, Stecher B, Freed NE, Songhet P, Hardt WD, Doebeli M
(2008) Self-destructive cooperation mediated by phenotypic noise.
Nature 454: 987–990
Albert R, Othmer HG (2003) The topology of the regulatory
interactions predicts the expression pattern of the segment
polarity genes in Drosophila melanogaster. J Theor Biol 223: 1–18
Alberts B, Johnson A, Lewis J, Raff M, Roberts K, Walter P (2007) The
Molecular Biology of the Cell. Oxford, UK: Garland Science
Alon U, Surette MG, Barkai N, Leibler S (1999) Robustness in bacterial
chemotaxis. Nature 397: 168–171
Andrews BW, Iglesias PA (2007) An information-theoretic
characterization of the optimal gradient sensing response of cells.
PLoS Comput Biol 3: e153
Andrews BW, Yi TM, Iglesias PA (2006) Optimal noise ﬁltering in the
chemotactic response of Escherichia coli. PLoS Comput Biol 2: e154
Aurell E, Brown S, Johanson J, Sneppen K (2002) Stability puzzles in
phage lambda. Phys Rev E 65: 051914
Avery SV (2006) Microbial cell individuality and the underlying
sources of heterogeneity. Nat Rev Microbiol 4: 577–587
Balaban NQ, Merrin J, Chait R, Kowalik L, Leibler S (2004) Bacterial
persistence as a phenotypic switch. Science 305: 1622–1625
BarkaiN,LeiblerS(1997)Robustnessinsimplebiochemicalnetworks.
Nature 387: 913–917
Barker AL, Brown DE, Martin WN (1995) Bayesian estimation and the
Kalman ﬁlter. Computers Math Applic 30: 55–77
BennettMR,PangWL,OstroffNA,BaumgartnerBL,NayakS,Tsimring
LS, Hasty J (2008) Metabolic gene regulation in a dynamically
changing environment. Nature 454: 1119–1122
Berg HC, Brown DA (1972) Chemotaxis in Escherichia coli analysed by
three-dimensional tracking. Nature 239: 500–504
Berg HC, Purcell EM (1977) Physics of chemoreception. Biophys J 20:
193–219
Bertsekas DP (2005) Dynamic Programming and Optimal Control, Vol.
1. Nashua, New Hampshire: Athena Scientiﬁc
Bialek W, Setayeshgar S (2005) Physical limits to biochemical
signaling. Proc Natl Acad Sci USA 102: 10040–10045
Chuang JS, Rivoire O, Leibler S (2009) Simpson’s paradox in a
synthetic microbial system. Science 323: 272–275
Cover TM, Thomas JA (2006) Elements of Information Theory.
Hoboken, New Jersey: Wiley-Interscience
Cox RT (1946) Probability, frequency, and reasonable expectation. Am
J Phys 14: 1–13
Dekel E, Alon U (2005) Optimality and evolutionary tuning of the
expression level of a protein. Nature 436: 588–592
Diggle SP, Grifﬁn AS, Campbell GS, West SA (2007) Cooperation and
conﬂictin quorum-sensingbacterialpopulations.Nature450: 411–414
Strategies for cellular decision-making
TJ Perkins and PS Swain
& 2009 EMBO and Macmillan Publishers Limited Molecular Systems Biology 2009 13Eldar A, Dorfman R, Weiss D, Ashe H, Shilo BZ, Barkai N (2002)
Robustness of the BMP morphogen gradient in Drosophila
embryonic patterning. Nature 419: 304–308
Elowitz MB, Levine AJ, Siggia ED, Swain PS (2002) Stochastic gene
expression in a single cell. Science 297: 1183–1186
EndresRG, WingreenNS(2008) Accuracyofdirectgradientsensingby
single cells. Proc Natl Acad Sci USA 105: 15749–15754
Feinerman O, Veiga J, Dorfman JR, Germain RN, Altan-Bonnet G
(2008) Variabilityand robustness in Tcell activation fromregulated
heterogeneity in protein levels. Science 321: 1081–1084
FernandoCT,LiekensAM,BingleLE,BeckC,LenserT,StekelDJ,Rowe
JE (2009) Molecularcircuits forassociative learninginsingle-celled
organisms. J R Soc Interface 6: 463–469
Frank SA (1998) Foundations of Social Evolution. Princeton, New
Jersey: Princeton University Press
GandhiN,AshkenasyG,TannenbaumE (2007)Associativelearningin
biochemical networks. J Theor Biol 249: 58–66
Gardner A, Foster KR (2008) The evolution and ecology of
cooperation—history and concepts. In Ecology of Social Evolution,
Korb J, Heinze J (eds), pp 1–36. Berlin: Springer Verlag
Gardner A, West SA, Grifﬁn AS (2007) Is bacterial persistence a social
trait? PLoS ONE 2: e752
Geva-Zatorsky N, Rosenfeld N, Itzkovitz S, Milo R, Sigal A, Dekel E,
Yarnitzky T, Liron Y, Polak P, Lahav G, Alon U (2006) Oscillations
and variability in the p53 system. Mol Syst Biol 2: 32
Ginsburg S, Jablonka E (2009) Epigenetic learning in non-neural
organisms. J Biosci (in press)
Gore J, Youk H, van Oudenaarden A (2009) Snowdrift game dynamics
and facultative cheating in yeast. Nature 459: 253–256
Greig D, Travisano M (2004) The Prisoner’s dilemma and
polymorphism in yeast SUC genes. Proc R Soc B 271: S25–S26
GrifﬁnAS,WestSA,BucklingA(2004)Cooperationandcompetitionin
pathogenic bacteria. Nature 430: 1024–1027
HamiltonWD(1964) Thegeneticalevolution ofsocialbehaviour I & II.
J Theor Biol 7: 1–52
Hardin G (1968) The tragedy of the commons. Science 162: 1243–1248
HartwellLH,HopﬁeldJJ,LeiblerS,MurrayAW(1999)Frommolecular
to modular cell biology. Nature 402: C47–C52
Hasty J, Pradines J, Dolnik M, Collins JJ (2000) Noise-based switches
and ampliﬁers for gene expression. Proc Natl Acad Sci USA 97:
2075–2080
Hersen P, McClean MN, Mahadevan L, Ramanathan S (2008) Signal
processing by the HOG MAP kinase pathway. Proc Natl Acad Sci
USA 105: 7165–7170
Hohmann S (2002) Osmotic stress signaling and osmoadaptation in
yeasts. Microbiol Mol Biol Rev 66: 300–372
Houseley J, Rubbi L, Grunstein M, Tollervey D, Vogelauer M (2008) A
ncRNAmodulateshistonemodiﬁcationandmRNAinductioninthe
yeast GAL gene cluster. Mol Cell 32: 685–695
Kalisky T, Dekel E, Alon U (2007) Cost-beneﬁt theory and optimal
design of gene regulation functions. Phys Biol 4: 229–245
Kalman RE (1960) A new approach to linear ﬁltering and prediction
problems. Trans ASME J Basic Eng Series D 82: 35–46
KalmanRE,BucyR(1961)Newresultsinlinearﬁlteringandprediction
theory. Trans ASME J Basic Eng Series D 83: 95–108
KashiwagiA,UrabeI,KanekoK,YomoT(2006)Adaptiveresponseofa
gene network to environmental changes by ﬁtness-induced
attractor selection. PLoS ONE 1: e49
Keller L, Surette MG (2006) Communication in bacteria: an ecological
and evolutionary perspective. Nat Rev Microbiol 4: 249–258
Kerr B, Riley MA, Feldman MW, Bohannan BJ (2002) Local dispersal
promotes biodiversity in a real-life game of rock-paper-scissors.
Nature 418: 171–174
Kollmann M, Lovdok L, Bartholome K, Timmer J, Sourjik V (2005)
Design principles of a bacterial signalling network. Nature 438:
504–507
Korobkova E, Emonet T, Vilar JM, Shimizu TS, Cluzel P (2004) From
molecular noise to behavioural variability in a single bacterium.
Nature 428: 574–578
Kundu S, Horn PJ, Peterson CL (2007) SWI/SNF is required for
transcriptionalmemoryattheyeastGALgenecluster.GenesDev21:
997–1004
Kussell E, Kishony R, Balaban NQ, Leibler S (2005) Bacterial
persistence: a model of survival in changing environments.
Genetics 169: 1807–1814
Kussell E, Leibler S (2005) Phenotypic diversity, population growth,
and information in ﬂuctuating environments. Science 309:
2075–2078
Lachmann M, Jablonka E (1996) The inheritance of phenotypes: an
adaptation to ﬂuctuating environments. J Theor Biol 181: 1–9
Libby E, Perkins TJ, Swain PS (2007) Noisy information processing
through transcriptional regulation. Proc Natl Acad Sci USA 104:
7151–7156
Loewe L (2009) A framework for evolutionary systems biology. BMC
Syst Biol 3: 27
Maamar H, Dubnau D (2005) Bistability in the Bacillus subtilis K-state
(competence) system requires a positive feedback loop. Mol
Microbiol 56: 615–624
Maamar H, Raj A, Dubnau D (2007) Noise in gene expression
determines cell fate in Bacillus subtilis. Science 317: 526–529
MacArthur RH, Wilson EO (1967) The Theory of Island Biogeography.
Princeton, New Jersey: Princeton University Press
MacLean RC, Gudelj I (2006) Resource competition and social conﬂict
in experimental populations of yeast. Nature 441: 498–501
Makman RS, Sutherland EW (1965) Adenosine 30,50-phosphate
in Escherichia coli. J Biol Chem 240: 1309–1314
Manu Surkova S, Spirov AV, Gursky VV, Janssens H, Kim AR,
Radulescu O, Vanario-Alonso CE, Sharp DH, Samsonova M,
Reinitz J (2009) Canalization of gene expression in the Drosophila
blastoderm by gap gene cross regulation. PLoS Biol 7: e1000049
Maynard Smith J, Price G (1973) The logic of animal conﬂict. Nature
248: 15–18
Mettetal JT, Muzzey D, Gomez-Uribe C, van Oudenaarden A (2008)
The frequency dependence of osmo-adaptation in Saccharomyces
cerevisiae. Science 319: 482–484
Mitchell A, Romano GH, Groisman B, Yona A, Dekel E, Kupiec M,
Dahan O, Pilpel Y (2009) Adaptive prediction of environmental
changes by microorganisms. Nature 460: 220–224
Novick A, Weiner M (1957) Enzyme induction as an all-or-none
phenomenon. Proc Nat Acad Sci USA 43: 553–566
Nowak MA, Sigmund K (2004) Evolutionary dynamics of biological
games. Science 303: 793–799
Pfeiffer T, Schuster S, Bonhoeffer S (2001) Cooperation and
competition in the evolution of ATP-producing pathways. Science
292: 504–507
Pianka ER (1970) On r- and K-selection. Am Nat 104: 592–597
Price GR (1970) Selection and covariance. Nature 227: 520–521
Queller DC (1992) Quantitative genetics, inclusive ﬁtness, and group
selection. Am Nat 139: 540–558
Raj A, van Oudenaarden A (2008) Nature, nurture, or chance:
stochastic gene expression and its consequences. Cell 135: 216–226
Rankin DJ, Bargum K, Kokko H (2007) The tragedy of the commons in
evolutionary biology. Trends Ecol Evol 22: 643–651
Rao CV, Wolf DM, Arkin AP (2002) Control, exploitation and tolerance
of intracellular noise. Nature 420: 231–237
Rumbaugh KP, Diggle SP, Watters CM, Ross-Gillespie A, Grifﬁn AS,
West SA (2009) Quorum sensing and the social evolution of
bacterial virulence. Curr Biol 19: 341–345
Santillan M, Mackey MC (2004) Why the lysogenic state of phage
lambda is so stable: a mathematical modeling approach. Biophys
J 86: 75–84
Schnitzer MJ, Block SM, Berg HC, Purcell EM (1990) Strategies for
chemotaxis. In Biology of the Chemotactic Response, Armitage JP,
Lackie JM (eds), pp 15–34. Cambridge, UK: Cambridge University
Press
Seger J, Brockmann HJ (1987) What is bet-hedging? In Oxford Surveys
in Evolutionary Biology, Harvey PH, Partridge L (eds), pp 182–211.
Oxford, UK: Oxford University Press
Strategies for cellular decision-making
TJ Perkins and PS Swain
14 Molecular Systems Biology 2009 & 2009 EMBO and Macmillan Publishers LimitedSetty Y, Mayo AE, Surette MG, Alon U (2003) Detailed map of a cis-
regulatory input function. Proc Natl Acad Sci USA 100: 7702–7707
Shahrezaei V, Ollivier JF, Swain PS (2008) Colored extrinsic
ﬂuctuations and stochastic gene expression. Mol Syst Biol 4: 196
Shahrezaei V, Swain PS (2008) The stochastic nature of biochemical
networks. Curr Opin Biotechnol 19: 369–374
Sigal A, Milo R, Cohen A, Geva-Zatorsky N, Klein Y, Liron Y, Rosenfeld
N, Danon T, Perzov N, Alon U (2006) Variability and memory of
protein levels in human cells. Nature 444: 643–646
Smits WK, Eschevins CC, Susanna KA, Bron S, Kuipers OP, Hamoen
LW(2005)StrippingBacillus:ComKauto-stimulationisresponsible
for the bistable response in competence development. Mol
Microbiol 56: 604–614
Stelling J, Sauer U, Szallasi Z, Doyle FJ, Doyle J (2004) Robustness of
cellular functions. Cell 118: 675–685
Strong SP, Freedman B, Bialek W, Koberle R (1998) Adaptation and
optimal chemotactic strategy for E. coli. Phys Rev E 57: 4604–4616
Suel GM, Garcia-Ojalvo J, Liberman LM, Elowitz MB (2006) An
excitable gene regulatory circuit induces transient cellular
differentiation. Nature 440: 545–550
Suel GM, Kulkarni RP, Dworkin J, Garcia-Ojalvo J, Elowitz MB (2007)
Tunability and noise dependence in differentiation dynamics.
Science 315: 1716–1719
Tagkopoulos I, Liu YC, Tavazoie S (2008) Predictive behavior within
microbial genetic networks. Science 320: 1313–1317
Tanase-Nicola S, ten Wolde PR (2008) Regulatory control and the costs
and beneﬁts of biochemical noise. PLoS Comput Biol 4: e1000125
Thattai M, van Oudenaarden A (2004) Stochastic gene expression in
ﬂuctuating environments. Genetics 167: 523–530
Tostevin F, ten Wolde PR, Howard M (2007) Fundamental limits to
position determination by concentration gradients. PLoS Comput
Biol 3: e78
Turner PE, Chao L (1999) Prisoner’s dilemma in an RNAvirus. Nature
398: 441–443
Vilar JM, Guet CC, Leibler S (2003) Modeling network dynamics: the
lac operon, a case study. J Cell Biol 161: 471–476
von Dassow G, Meir E, Munro EM, Odell GM (2000) The segment
polarity network is a robust developmental module. Nature 406:
188–192
West SA, Grifﬁn AS, Gardner A, Diggle SP (2006) Social
evolution theory for microorganisms. Nat Rev Microbiol 4:
597–607
Wolf DM, Vazirani VV, Arkin AP (2005) Diversity in times of adversity:
probabilistic strategies in microbial survival games. J Theor Biol
234: 227–253
YiTM,HuangY,SimonMI,DoyleJ(2000)Robustperfectadaptationin
bacterial chemotaxis through integral feedback control. Proc Natl
Acad Sci USA 97: 4649–4653
Zacharioudakis I, Gligoris T, Tzamarias D (2007) A yeast
catabolic enzyme controls transcriptional memory. Curr Biol 17:
2041–2046
MolecularSystemsBiologyisanopen-accessjournal
publishedbyEuropeanMolecularBiologyOrganiza-
tion and Nature PublishingGroup.
This article is licensed under a Creative Commons Attribution-
Noncommercial-Share Alike 3.0 Licence.
Strategies for cellular decision-making
TJ Perkins and PS Swain
& 2009 EMBO and Macmillan Publishers Limited Molecular Systems Biology 2009 15